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Abstract
Background: During the last decades, dengue viruses have spread throughout the Americas region, with an
increase in the number of severe forms of dengue. The surveillance system in Guadeloupe (French West Indies) is
currently operational for the detection of early outbreaks of dengue. The goal of the study was to improve this
surveillance system by assessing a modelling tool to predict the occurrence of dengue epidemics few months
ahead and thus to help an efficient dengue control.
Methods: The Box-Jenkins approach allowed us to fit a Seasonal Autoregressive Integrated Moving Average
(SARIMA) model of dengue incidence from 2000 to 2006 using clinical suspected cases. Then, this model was used
for calculating dengue incidence for the year 2007 compared with observed data, using three different approaches:
1 year-ahead, 3 months-ahead and 1 month-ahead. Finally, we assessed the impact of meteorological variables
(rainfall, temperature and relative humidity) on the prediction of dengue incidence and outbreaks, incorporating
them in the model fitting the best.
Results: The 3 months-ahead approach was the most appropriate for an effective and operational public health
response, and the most accurate (Root Mean Square Error, RMSE = 0.85). Relative humidity at lag-7 weeks,
minimum temperature at lag-5 weeks and average temperature at lag-11 weeks were variables the most positively
correlated to dengue incidence in Guadeloupe, meanwhile rainfall was not. The predictive power of SARIMA
models was enhanced by the inclusion of climatic variables as external regressors to forecast the year 2007.
Temperature significantly affected the model for better dengue incidence forecasting (p-value = 0.03 for minimum
temperature lag-5, p-value = 0.02 for average temperature lag-11) but not humidity. Minimum temperature at lag-5
weeks was the best climatic variable for predicting dengue outbreaks (RMSE = 0.72).
Conclusion: Temperature improves dengue outbreaks forecasts better than humidity and rainfall. SARIMA models
using climatic data as independent variables could be easily incorporated into an early (3 months-ahead) and
reliably monitoring system of dengue outbreaks. This approach which is practicable for a surveillance system has
public health implications in helping the prediction of dengue epidemic and therefore the timely appropriate and
efficient implementation of prevention activities.
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Dengue is a human arbovirus disease transmitted by the
female mosquito of the genus Aedes,m a i n l yAedes
aegypti and Ae. albopictus [1]. Dengue, the most fre-
quent arthropod-borne viral disease, is prevalent in tro-
pical and subtropical regions. Two major clinical forms
of dengue illness involve the mild form of dengue fever
and severe form mostly characterized by plasma leakage
with or without haemorrhage [2].
Two-fifths of the world population (about 2.5 billion
people) is at risk of dengue infection. The prevalence of
this disease has grown dramatically in the recent dec-
ades. Between 50 and 100 million people are infected
each year worldwide and more than 500,000 are hospita-
lized [3]. The average annual incidence was multiplied
by thirty in the last fifty years. Incidence of dengue hae-
morrhagic fever (DHF) is increasing in many tropical
regions inducing 20,000 deaths per year, mostly among
children under 15 years [4].
In the Caribbean and Latin America countries, the
reintroduction and dissemination of Ae. aegypti were
observed in the 1970s, after the reduction of vector con-
trol interventions initiated in the 1960s. Since that time,
regular outbreaks occured with a cycle of 3-5 years,
combined with an increase in severe forms, particularly
DHF [5]. In some areas, as the French Overseas Terri-
tories of the Americas (FOTAs: French West Indies,
Martinique and Guadeloupe, and French Guyana), the
epidemiology of dengue is moving from an endemo-epi-
demic situation towards a hyper-endemic situation [6].
Over the decade 1997-2007, the FOTAs had four major
epidemics (1997, 2001, 2005 and 2007) each linked to
the circulation of one or two predominant serotypes.
These outbreaks usually last 4-6 months and may affect
up to 5% of the population. The epidemiological
dynamics observed over this decade in the FOTAs raises
fears of a move towards a situation comparable to that
currently in South East Asia and dengue could become
one of the leading causes of hospitalization, especially
for children. During the last two epidemics of dengue in
Guadeloupe (400,500 inhabitants in 2007), the number
of clinical cases that led to a medical consultation were
respectively 11,500 in 2005 (0.4% of severe cases; sero-
type 4 was predominant) and 19,000 in 2007 (0.8% of
severe cases; serotype 2 predominant).
Dengue is endemic in all surrounding countries with
the four serotypes circulating in the region within a per-
iod of ten years. Countries or territories with the highest
number of reported dengue cases were Puerto Rico, the
Dominican Republic, Martinique, Trinidad and Tobago
and French Guiana.
Population movement is an important factor in the
virus dissemination. It contributes to carry new virus
strains but it also participates to introduce non immune
subjects in an endemic area. Dengue outbreaks may
occur when a high proportion of naïve subjects are con-
centrated in the same area. As the social and economic
impacts are worsening [7,8] and outbreaks are increas-
ing, it becomes urgent to reinforce an integrated man-
agement for the surveillance, control and prevention of
dengue [9]. One key aspect of this strategy is the ability
to predict the occurrence of dengue outbreaks.
An early warning of dengue outbreaks could improve
the efficiency of vector control campaigns and help to
target prevention actions. Such early interventions could
delay or spread out the epidemic, thus reducing its
impact on health system. Health facilities could adapt
their response in terms of availability of beds and mobi-
lization of human and material resources [10]. Dengue
morbidity and mortality would be minimized through
earlier and more appropriate public health response.
Many complex mathematical models have been devel-
oped to predict the occurrence, dynamics and magnitude
of outbreaks using a combined environmental and biologi-
cal approach. Various parameters have been used [11,12]
such as climatic data [13,14], vector characteristics [15,16],
availability of breeding sites [14], viral serotypes circulating,
immune status of host populations [13] or demographics
data [17]. Meteorological conditions are considered as
some of the most important factors of dengue in outbreaks
occurrence [18]. Many studies have highlighted the rela-
tionship between climate and dengue transmission. The
increase of temperature has been found associated with
dengue in Thailand [19,20], Indonesia [21], [22] and [23],
Singapore [24], Mexico [25] and Puerto Rico [26]. Elevated
humidity with high mosquito density increased the trans-
mission rate of dengue fever infection in southern Taiwan
[27]. Meanwhile, a large amount of rainfall has been linked
to dengue fever in Indonesia [23], Trinidad [28], Venezuela
[29], Barbados [30] and Thailand [20].
These models, requiring important human and logisti-
cal resources for data collection and implementation,
are difficult to be used for a continuous surveillance sys-
tem and for early detection, particularly in developing
countries. Therefore, it is important to develop a sur-
veillance system based on a model that includes data as
explanatory variables [31], respecting the following steps:
- To develop a model that correctly identifies and
quantifies the relationship between dengue and climatic
variables;
- To reduce the model to its most parsimonious form
so that human and material resources could be focused
on the collection of essential data;
- To ensure that the surveillance system is ongoing
and sustainable and able to record cases at regular inter-
vals (weekly or monthly).
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operational for the detection of early outbreaks of den-
gue. The aim of the study is to improve this surveillance
system by assessing a modelling tool including meteoro-
logical data to predict the occurrence of dengue epi-
demics few weeks or months ahead (duration consistent
with greater anticipation of outbreaks). This predicable
model would be used to help an efficient dengue
control.
We propose to develop Seasonal Autoregressive Inte-
grated Moving Average (SARIMA) models using time
series analysis of dengue incidence. Such models are
particularly interesting when there are time dependences
between each observation [32]. The assumption that
each observation is correlated to previous ones makes it
possible to model a temporal structure, with more reli-
able predictions, especially for seasonal infections
[33-36], than those obtained by other statistical meth-
ods. SARIMA models have been successfully used in
epidemiology to predict the evolution of infectious dis-
eases, such as malaria and hepatitis A [35], deaths due
to influenza [37] and pneumonia [33]. Moreover, these
models allow the integration of external factors, such as
climatic variables, that may increase their predictive
power [38,39].
A prediction approach has been developed in this
study using data from Guadeloupe. It could be imple-
mented regionally or internationally, if it is evaluated
and validated in other part of Caribbean and Latin
America (beginning with others FOTAs).
2. Methods
1. Settings
Guadeloupe, with a surface of 1,434 km
2,i sa ni s l a n d
located in the Caribbean, between the Tropic of Cancer
and the Equator (latitude 15°57’-16°31’ North and longi-
tude 61°10’-61°48’ West). The climate is tropical with
two distinct seasons: a dry season from January to June,
characterized by relatively low rainfall and a wet season
from July to December.
2. Data Collection
This study covers the period from 2000 to 2007 for den-
gue incidence and meteorological data. During the study
period, stable dengue control programs were implemen-
ted each year in Guadeloupe.
The sentinel network was set up from 1983 by local
health authorities in association with Institut Pasteur in
Guadeloupe. Until 2004, dengue-like syndrome report-
ing was linked to laboratory confirmation done by Insti-
tut Pasteur [40]. Then the monitoring of dengue-like
syndromes was going on with sentinel physicians but
was separated from confirmed case surveillance, as more
and more laboratories were involved in diagnostic
confirmation. Nowadays, epidemiologic surveillance sys-
tem of dengue in Guadeloupe is based on 3 main indi-
cators collected independently: (1) weekly number of
dengue-like syndromes (suspected dengue cases) col-
lected from sentinel general practitioners (GPs) for early
detection and measurement of magnitude of epidemics;
(2) weekly number of confirmed cases of dengue from
all laboratories (hospital or not) for confirmation of
virus circulation; (3) monthly number of confirmed hos-
pitalized cases from hospital wards for measurement of
epidemics severity. Thus, laboratory-confirmed cases,
which is a less efficient indicator to monitor the
dynamics of an epidemic, and syndromes dengue-like
counted for surveillance are not directly linked. In this
study, the dengue incidence was calculated from the
weekly number of dengue-like syndromes and data from
the Institut Pasteur were only used for validation pur-
pose of this incidence.
The number of sentinel GPs, as well as the representa-
tiveness of the network in terms of GP’s activity, has
progressively improved to reach a quite good represen-
tativeness (it represents 12% of all GPs in Guadeloupe
in 2008) with a high weekly participation rate (85% on
average in 2008). Nevertheless, it could be qualitatively
improved for a better adequacy with the geographical
distribution of the population [41]. Dengue cases
reported by practitioners are mainly non-severe; severe
cases treated in hospitals are not included but represent
less than 1% of dengue cases.
A suspected dengue case is defined as a patient with
less than seven days of fever (≥38.5°C) without evidence
of other cause of infection and with at least one symp-
tom of pain (headache, retro-orbital pain, myalgia,
arthralgia, back pain).
Each week, the total number of dengue cases collected
is extrapolated to the whole island using for adjustment
the ratio “medical activity of sentinel GPs present during
the week"/"medical activity of all the GPs in Guade-
loupe”. Weekly incidence rates were calculated using
demographic data for Guadeloupe from the National
Institute of Statistics and Economic studies. Missing
data were replaced using a simple exponential smooth-
ing method. The time series were adjusted by adding
the constant of one to the data. This procedure did not
change the temporal structure of the series and allowed
the use of a logarithmic transformation.
The meteorological station of Raizet (the international
airport of Guadeloupe) records meteorological variables
every day: cumulative rainfall (mm), relative humidity
(%), minimum, maximum and average temperature (°C).
The availability of these data explains the use of these
climatic variables in our study. These data, aggregated
on a weekly basis, cover the study period without any
missing values.
Gharbi et al. BMC Infectious Diseases 2011, 11:166
http://www.biomedcentral.com/1471-2334/11/166
Page 3 of 133. Processing and data analysis
A SARIMA model was adjusted to the data of dengue
incidence from 2000 to 2006, using the Box and Jenkins
approach developed in 1974 [32,34,35,42,43]. This
model allowed predicting dengue incidence for the year
2007.
Box-Jenkins method is a four-step process:
Firstly, the variance was stabilized using an appropri-
ate transformation (logarithmic, square root or inverse
transformation), based on a mean-range plot analysis as
a relevant decision tool. The mean was also stabilized by
differencing according to the profile of the original time
series. A seasonal component was removed by a seaso-
nal differencing: Zt - Zt-s (Zt = values of the time series
at time t and Zt-s = values of the time series at time t-s
with s corresponding to the seasonality) and the trend
was removed by a regular differencing: Zt - Zt-1 (Zt-1 =
values of the time series at time t-1 week). The season-
ality as well as the trend are highlighted by plotting the
original time series. The presence of these two compo-
nents determine the choice of a SARIMA model equa-
tion: yt =
q(B)Q(BS)atP(BS)
P(BS)P(B)(1 − B)
d(1 − BS)
D where FP(B
S)
is the seasonal autoregressive (AR) operator, FP(B)A R
the operator, Θq(B) the moving average (MA) operator,
ΘQ(B
S) the seasonal MA operator, (1 - B)
d and (1 - B
S)
D
the ordinary and seasonal difference components, at the
white noise, and yt the dependant variable.
The choice of the order of integration (D, d) para-
meters is based on the plot of integrated time series and
based on comparison of their standard deviation; the
series having the more stabilized mean is selected.
Secondly, the temporal structure of the series, i.e. order
of seasonal and non seasonal AR (P, p), MA (Q, q) para-
meters, were determined. Several tools are available:
- To identify the order of MA and AR parameters,
the structure of temporal dependence of stationary
time series is assessed respectively, by the analysis of
autocorrelation (ACF) and partial autocorrelation
(PACF) functions.
- To select the model, with fewer parameters that
fits the data best, the Akaïke Information Criterion
(AIC) is used.
- To validate the final model, its residuals are ana-
lyzed by the Ljung-Box test. Residuals must be
equivalent to white noise.
Thirdly, model parameters were estimated by the
maximum likelihood method.
Finally, predicted data for 2007 were compared with
observed data in order to validate the model. The average
error was calculated using the RMSE (Root Mean Square
Error) equals to: RMSE =
N
t=1 (Yt − ˆ Yt)
2
N
1/2
with Yt
the observed value and ˆ Yt the predicted value at t time
and N the number of observations.
The predictions and their 95% confidence intervals
were estimated for 2007 using the best model fitting the
data for 2000-2006. Three different methods were com-
pared; the first consisted to predict 2007 data with a
one year (52 weeks) lag; the second and third methods
were iterative approaches. They consisted to predict
dengue incidence, with three (13 weeks) and one month
(4 weeks) lags, respectively. After the prediction of the
first period, the observed data for this period were
included in the database in order to update the model
and estimate the predictions for the second period. The
same were used to complete the predictions for the
whole year 2007.
Once the univariate model was selected, the multivari-
ate models including external regressors could be elabo-
rated. Meteorological variables were used to improve
the predictive power of the model. In order to include
these explanatory variables, cross-correlation graphics
(Pearson test) between data of dengue incidence and cli-
matic variables for a 16 weeks period were performed.
As the use of cross-correlations on original time series
is not recommended, they were performed on the resi-
duals of the models obtained by applying a SARIMA
model to each series [44]. Climatic variables significantly
associated to dengue incidence were tested as predictors
in a multivariate SARIMA model. The model equation
is yt =
q(B)Q(BS)atP(BS)
P(BS)P(B)(1 − B)
d(1 − BS)
D + X,w h e r eXi s
the external variable.
This model was able to give predictions with a lag of
one, three or twelve months, depending on the approach
selected during the univariate process. The predictive
power of the models was estimated with the RMSE (a
significant decrease of RMSE denotes an improvement
of the model) and the Wilcoxon signed-ranks test which
was used for significance assessment.
The statistical software R (version 2.9.0) and Stat-
graphics were used for all analyses. Statgraphics allowed
a first approach of the problem. R had confirmed all
items found on Statgraphics. The graphics were per-
formed with R.
3. Results
The plot of the observed dengue incidence (Figure 1)
showed three major outbreaks in Guadeloupe (late 2001 -
early 2002, mid 2005 - early 2006, mid 2007 - late 2007).
The bivariate analysis between crude climatic variables
and dengue incidence shows that the three major
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Figure 1 Dashed red line: Weekly incidence rates of dengue (per 100,000) in Guadeloupe from January 2000 to December 2007
compared to crude meteorological variables for the same period: A) minimum temperature (blue diamond), maximum temperature (yellow
cross) and average temperature (green square); B) relative humidity (blue area); C) weekly cumulated rainfall (blue solid line).
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Page 5 of 13outbreaks were correlated to a slight decrease of tempera-
ture (Figure 1A) and to an increase in relative humidity
(Figure 1B). Dengue incidence was not clearly correlated
to weekly cumulated rainfall (Figure 1C). An annual sea-
sonality is identified for all these meteorological variables.
In the first step of the dengue time series analysis, it
has been necessary to stabilize the variance of the series
by natural logarithm transformation. This transforma-
tion had the lowest dispersion. To stabilize the mean,
seasonal and regular differencing were applied. The
plots of ACF and PACF (Figures 2A and 2B) showed
the temporal dependence of the dengue incidence and
confirmed the need to use a SARIMA model with seaso-
nal (P, D, Q) and non-seasonal (p, d, q) parameters.
After differencing, a significant cut-off at one week-lag
and another at lag-52 weeks were observed on the plot
ACF (Figure 2C). These two cut-offs were less marked
on the plot PACF (Figure 2D) and evolve more gradu-
ally over the time, compared to the plot ACF. Therefore,
the following univariate multiplicative SARIMA (0,1,1)
(0,1,1)52 model was the best to fit the dengue incidence
(AIC = 951, Table 1). The analyses of residuals on ACF
and PACF plots (Figure 2E and 2F) assessed the absence
of persistent temporal correlation. The Ljung-Box test
confirmed that the residuals of time series were statisti-
cally not dependent (p-value > 0.05). The selected
SARIMA model fitted observed data from 2000 to 2006
(RMSE = 0.914). For 2007, the 3 methods were com-
pared (Figure 3). The 4 weeks-step approach showed
the smallest difference between observed and predicted
values (RMSE = 0.76) when compared to the 52 weeks-
step approach (RMSE = 0.98) and to the 13 weeks-step
approach (RMSE = 0.85). However, the difference
between residuals predicted 13 weeks-ahead and those
predicted 4 weeks-ahead was not statistically significant
(Wilcoxon signed-ranks, p-value = 0.48). The predic-
tions for the 3 following months were the best compro-
mise for helping the health authorities to take measures
to mitigate transmission, morbidity and mortality.
To include climatic variables (time series) as external
variables in the univariate model, a SARIMA model was
applied to all time series (Table 2). Cumulative rainfall
and relative humidity variables were log transformed. A
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Figure 2 A and B) Autocorrelation function (ACF) and Partial ACF (PACF) plot of original dengue incidence. C and D) ACF and PACF plot
of integrated dengue incidence. E and F) ACF and PACF of residuals after applying a SARIMA (0, 1, 1) (0, 1, 1)52 model. The X-axis gives the
number of lags in weeks and, the y-axis, the value of the correlation coefficient comprised between -1 and 1. Dotted lines indicate 95%
confidence interval.
Table 1 Coefficients, standard errors, t statistic and
P-value of the parameters of the SARIMA(0,1,1)(0,1,1)52
model estimated by maximun likelihood
Parameters Coefficients Standard
error
T statistic P-value
Non seasonal MA (q) -0.6092 0.0481 -12.66 9.56e-37*
Seasonal MA (Q) -0.8858 0.1875 -4.72 2.32e-06*
MA: moving average, *:p-value < 0.05 significant.
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Page 6 of 13regular differencing was applied for all variables except
for minimum temperature. A seasonal differencing was
also applied for all variables except for relative humid-
ity. The residuals were kept for the multivariate
analyses.
Then, correlations between residuals of dengue inci-
dence and those of meteorological variables over a
range of 16 weeks-lags were analyzed. Climatic variables
identified as the most correlated to dengue incidence
were included one by one, because of their strong inter-
relationship, to test their influence on the model. The
following explanatory variables were the most positively
correlated with dengue incidence: lag-5 minimum tem-
perature (Pearson correlation: r = 0.118, p-value =
0.025), lag-11 average temperature (r = 0.141, p-value =
0.007) and lag-7 relative humidity (r = 0.107, p-value =
0.04), (Figure 4). Meanwhile, rainfall was not correlated
with dengue incidence over a range of 16 weeks-lags (r
< 0.06, p-value = non significant).
SARIMA models (0,1,1)(0,1,1)52 including external
independent variables, either the lag-5 minimum tem-
perature or the lag-11 average temperature, were statis-
tically relevant. These two variables influenced
individually the model (Table 3). The predictions for
2007 per period of 3 months were improved after the
introduction of either the minimal temperature at lag-5
weeks or the average temperature at lag-11 weeks
(RMSE = 0.72 and 0.74, respectively, versus 0.85 for the
univariate model) (Figures 5 and 6). However, these dif-
ferences were not statistically significant (Wilcoxon
signed-rank test: p-value = 0.364 and 0.407, with lag-5
minimum temperature and lag-11 average temperature,
respectively).
4. Discussion
We develop a model to improve the surveillance system
and thus to help efficient dengue control. In the study,
the predictions for the year 2007 per period of 3 months
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Figure 3 Natural logarithm of dengue incidence in Guadeloupe for 2007. Solid line (filled circle): observed values during the period.
Dashed lines: univariate SARIMA (0,1,1) × (0,1,1)52 model; blue (circle): 52 weeks ahead values; red (triangle): 13 weeks ahead values; green
(square): 4 weeks ahead values.
Table 2 Characteristics of SARIMA models for climatic variables: coefficients, standard errors of residuals, AIC: Akaike
information criterion, p-value after Ljung-Box test of residuals
Climatic variables SARIMA (p,d,q) (P,D,Q)S model AR1 MA1 SMA Sd (residuals) AIC p-value (Ljung-box test)
Accumulated rainfall (1,1,1) (0,1,1)52 0.154* -0.980* -1.00* 0.85 942.78 0.32 (NS)
Relative humidity (1,1,1) (0,0,0)52 0.207* -0.632* _ 0.039 -1320 0.307 (NS)
Minimum temperature (0,0,1) (0,1,1)52 0.249* _ -1.00* 0.67 785.69 0.61 (NS)
Maximun temperature (1,1,1) (0,1,1)52 0.439* -0.918* -1.00* 0.473 576.63 0.566 (NS)
Average temperature (1,1,1) (0,1,1)52 0.310* -0.927* -0.897* 0.473 556.92 0.566 (NS)
AR: autoregressive, MA: moving average, SMA: seasonal moving average, *:p-value < 0.05 significant.
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Page 7 of 13were improved after the introduction of the minimal
temperature at lag-5 weeks or the average temperature
at lag-11 weeks, but without reaching statistical signifi-
cance when we compare univariate and multivariate
SARIMA models. However, multivariate model can pro-
vide better prediction and might be implemented in
routine for dengue surveillance in Guadeloupe.
This model, if tested in practice and validated with
other set of data, might be useful for the evaluation of
new intervention strategies introduced into this island.
The time series analysis has allowed the development
of robust and reliable SARIMA models with a correct
level of validity that fits dengue incidence data collected
in Guadeloupe from 2000 to 2006. It showed that the
predictions over a period of 3 months for the year 2007
were the best way to implement appropriate prevention
programs.
Moreover, the study demonstrated a positive correla-
tion between dengue incidence and climatic variables
such as relative humidity, minimum temperature and
average temperature.
The predominant effect of these variables was
observed after a 7 weeks-lag for the relative humidity, 5
weeks-lags for the minimum temperature, and 11
weeks-lags for the average temperature. Observed corre-
lations are weak (below 0.2) since they are measured on
residuals after an adjustment on the trend and the sea-
sonality. However, they are statistically significant, which
means the test is powerful, probably due to the high
numbers of observations in the study.
These models present some limits. Firstly, the time
series analysis requires homogeneous data over long
periods, which are often difficult to obtain (i.e. the sur-
veillance system in Guadeloupe was improved after 2004
Figure 4 Cross correlation functions between dengue fever cases and meteorological variables after applying SARIMA models. The x-
axis gives the number of lags in weeks. Dotted lines indicate 95% confidence interval. Only positive lags are taken into account a) Accumulated
rainfall b) Minimum temperature c) Maximum temperature d) Average temperature e) Relative humidity.
Table 3 Characteristics of univariate and multivariate models using climatic variables the most correlated to dengue
incidence: Coefficients, standard error and p-value of parameters, AIC, RMSE for predictions of the year 2007 3
months-ahead, * p-value < 0.05 significant
SARIMA model Coefficients Standard error T- statistic P-value AIC RMSE
Univariate model 951 0.85
Relative humidity _lag7 1.445 1.423 1.016 0.309 951 0.76
Minimum temperature _lag5 0.108* 0.068 1.593 0.030 950 0.72
Average temperature _lag11 0.228* 0.102 2.235 0.025 948 0.74
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Page 8 of 13providing heterogeneous data during the period of
change). Ongoing dengue surveillance in Guadeloupe
will allow local health authorities to improve this model
since the reliability of predictions increases as time ser-
ies become longer.
Secondly, the crude relationship between dengue inci-
dence and climatic variables (Figure 1) shows that modi-
fication of the weather does not necessarily affect
dengue epidemics while the use of SARIMA modelling,
which is more relevant, points out a significant effect of
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Page 9 of 13these variables. Some other climatic events not available
for the study have not been analyzed: (1) vapor pressure
w h i c hi sam e a s u r eo fr e l a t i v eh u m i d i t yb ys a t e l l i t e
remote sensing [45] is less pertinent than humidity in
our geographical situation because of the poor resolu-
tion in a small territory surrounded by water as the
Guadeloupe Island; (2) the link between ENSO (El
Niño-Southern Oscillation) and dengue incidence
through mechanisms modifying the vector, the virus and
the human behavior [46,47] should be studied in the
future to support our results. The delay between
changes associated with ENSO and the increase in the
dengue incidence could be as long as several months
[46]; (3) the effect of hurricane in dengue virus circula-
tion is not clear and difficult to take into account in the
analyses. However, one of our teams (the Cire Antilles
Guyane) tried to assess by a score the impact of the
Hurricane “Dean” on the risk of dengue [48]. A deeper
s t u d ys h o u l db ed o n et oe v a l u a t ec o r r e c t l yt h ee f f e c to f
these strong events on the dengue incidence. Other non
climatic factors might explain outbreaks of dengue such
as (i) geographical characteristics of the study area (i.e.
housing density, climate and agriculture works) and (ii)
virus characteristics (serotype or virulence), but could
n o tb ee x p l o r e di no u rs t u d yb e c a u s eo ft h en o nt e m -
poral format of these variables. However, the serotype
should not affect so much the occurrence of epidemics
because of the endemicity in the Caribbean region and
the circulation of the four serotypes within a period of
ten years. Most of the population has already been
exposed to at least one serotype of dengue virus.
Finally, this model, which is global for Guadeloupe as
a whole and not local by district, does not take into
account geographical disparities in this island.
Our results are consistent with those of other studies
dealing with the effect of climate on dengue outbreaks.
These studies have highlighted that many climatic vari-
a b l e sp l a yak e yr o l ei nd e n g u et r a n s m i s s i o n .A l t h o u g h
rainfall plays an ambiguous role on dengue incidence,
temperature and relative humidity affect this transmis-
sion in several ways.
The potential impact of rainfall could either increase
the transmission of vector-borne diseases, by promoting
the proliferation of breeding sites, or eliminate breeding
sites by flooding them [18,49,50].
More than rainfall, temperature affects the dynamics
of Ae. aegypti by reducing the duration of the gono-
trophic cycle [51], estimated at 6 to 7 days [52-54]. A
proportional inverse effect is also observed in in vitro
studies with duration range from 39.7 to 7.2 days for
temperatures varying from 15°C to 35°C [55]. Moreover,
temperature can increase the number of blood meals
pro vector during each cycle amplifying significantly the
level of transmission [56].
Relative humidity is another key factor that influences
mosquitoes at different stages, especially during mating
and egg laying. The combined effect of temperature and
humidity influences significantly the number of blood
meals and can also increase the survival rate of the vec-
tor, so that the probability it becomes infested during its
life increases [57-59]. Moreover, higher temperatures
make viral spread easier by reducing the extrinsic incu-
bation period of Ae. aegypti (in vitro:1 2a n d7d a y s ,a t
30°C and between 32°C and 35°C, respectively [60]). In
the literature, relative humidity and temperature are two
important variables, more than rainfall. However, in
Guadeloupe between 2000 and 2007, the relative humid-
ity was a very stable parameter (mean = 79.3%; IC95%
[78.9, 79.7]). This very low range of variation might
explain the low statistical power for this variable and
the difficulty to point out a significant effect of the rela-
tive humidity in the SARIMA model.
Furthermore, the delayed effect of climatic variables
on dengue incidence might be explained by climatic fac-
t o r sw h i c hd on o ti n f l u e n c ed i r e c t l yt h ei n c i d e n c eo f
dengue but only indirectly through their effect on the
life-cycle dynamics of both vector and virus. From mos-
quito hatching to human case appearance, several suc-
cessive phases occur resulting in global cumulative lags
observed in our study. These phases include larval and
pupa development (10 to 21 days), gonotrophic cycle (3
to 7 days pro cycle), extrinsic incubation in mosquitoes
(7 to 15 days), incubation in human (1 to 12 days).
Depending on the respective lag between the biological
cycle or mosquito life-stage and the clinical symptoms,
the lag between weather data and incidence data will
differ. The lag is expected to be shorter for minimum
temperature that is usually associated with adult mos-
quito’s mortality, longer for high relative humidity, both
related to adult survival and hatching. On the other
side, the mean temperature is involved in all biological
cycles of Ae. aegypti that take more time to influence
the dengue incidence.
Many studies have stressed a lag of several months.
In Thailand, the dengue incidence was positively corre-
lated with the average temperature at lag 3-4 months
[19]. In Taiwan, there was a significant positive corre-
lation with the maximum temperature at lag 1-4
months, the minimum temperature at lag 1-3 months
and the relative humidity at lag 1-3 months [38]. In
Brazil, positive associations were found between the
minimum and maximum temperatures and dengue
transmission at lag-0 [39]. And in the city of Guangz-
hou in China, the minimum temperature and relative
humidity were positively correlated with the dengue
incidence at lag-1 month [61].
Our results are consistent with all of these assump-
tions. We have shown that the increase in temperature
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Page 10 of 13and relative humidity were determining factors in pre-
dicting changes of the dengue incidence. On the con-
trary, rainfall did not appear to play a significant role.
Actually, many breeding sites of Ae. aegypti are more
dependent on human behavior than on rainfall for their
constitution and persistence. That is the reason why local
health authorities in Guadeloupe make people aware
through sensitization campaigns since 2000. This might
partly explain the lower impact of rainfall compared to
other climatic variables on the dengue incidence.
We suggest that health authorities in other part of
Caribbean or Latin America could introduce climatic
variables in a local SARIMA approach to assess in
another context the improvement of forecasting dengue
incidence and outbreaks intensity.
The SARIMA modelling, used for predicting dengue
incidence and outbreaks over a period of few months,
must be considered as complementary from other
modelling methods using non-epidemic data, as the
Serfling regression model [62]. This model allows cal-
culating a time-varying threshold, where an alert is
generated if current data exceed the threshold. In Gua-
deloupe, such a modelling has been implemented since
few years [63].
5. Conclusion
A reliable and robust model, that predicts the dengue
incidence and outbreaks intensity over a period of 3
months, has been developed. This delay allows health
authorities to launch an active vector control campaign,
combining insecticide spraying and breeding sites
destruction. Health facilities can also adapt patients care
by increasing the number of available hospitalization
beds if a dengue fever outbreak is predicted. This
approach, which detects dengue epidemic risk and pre-
dicts outbreak intensity, fits very well with the current
needs of the local health authorities. The model could
contribute to dengue surveillance in Guadeloupe. The
Cire Antilles-Guyane, department of public health in
charge of surveillance data analysis, could update regu-
larly the model, using data the most recently collected
in the context of the ongoing and weekly dengue sur-
veillance system. Therefore, they would obtain comple-
mentary information about outbreak risks.
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